Objective: Mobile health interventions have surged in popularity but their implementation varies widely and evidence of effectiveness is mixed. We sought to advance understanding of the diversity of behavior change techniques in mHealth interventions, especially those that leverage advanced mobile technologies.
Introduction
The ubiquity of mobile phones has generated immense opportunity for the delivery of innovative solutions to some of the most pressing healthcare problems, including prevention and treatment of chronic diseases. The term mobile health (mHealth) refers to the use of mobile and wireless devices to improve health and deliver care, and was first coined over a decade ago. 1 The introduction of the first iPhone in 2007 marked the beginning of a decade of technological advancements that have afforded increasingly interactive interventions for behavior change. 2 Between 2011 and 2018, smartphone adoption grew from 35% to 77% of Americans, and 95% own a mobile phone of some kind. 3 Adoption remains high even among traditionally underserved populations, including in 70% of Medicaid recipients. 4 High levels of mobile ownership suggest that a major advantage of mHealth initiatives is their wide accessibility. mHealth is not only accessible but also holds great appeal for consumers. The number of installations of wellness and health applications (apps) has reached an estimated 3.35 billion 5 worldwide. Although provider interest in mHealth has generally lagged patients' enthusiasm, their attitudes have grown more positive and an increasing number of providers are incorporating digital health into their practice. 6 In line with this, the market value of mHealth is projected to reach US $46 billion in 2020, almost double that of electronic health records. 7 As the popularity of mHealth has surged, so too has the number of technologies and features leveraged by mobile interventions. Mobile interventions have become increasingly sophisticated in their technology and diverse in their approaches to changing and sustaining health behaviors. In many ways, this charge has been led by innovations in industry, with the development of apps targeting health behavior change outpacing scientific evidence 8 and even theory. 9, 10 In particular, little research has sought to summarize the characteristics of mHealth interventions in detail, and those that do often neglect some novel techniques that are growing in popularity with the affordances of advanced technology. Therefore, we endeavored to review over 10 years of research published in high-impact journals testing the effectiveness of mHealth for improving lifestyle behaviors and chronic condition management (CCM), summarizing the behavior change techniques (BCTs) they employed. In doing so, we sought to chart the evolution of increasing technological sophistication in mHealth, delve deeper into specific BCTs leveraged, and identify gaps in the literature.
Many systematic reviews have assessed the effectiveness of mHealth for a wide range of health behaviors and outcomes. [11] [12] [13] Meta-analyses have revealed that even simple text-messaging interventions can improve smoking cessation, weight loss, and medication adherence, 11, [14] [15] [16] and that behavior change may persist after an intervention has stopped. 17 Reviews of smartphone apps for health behavior change reveal similarly promising results for diabetes self-management, [18] [19] [20] weight loss, 21 and management of other long-term conditions. 22 Although reviews of mHealth research have often supported its overall effectiveness, it is not uncommon to find only modest effect sizes, 17 a persistent difficulty for participants to reach recommended health behavior guidelines despite progress in the right direction, 18 or mixed evidence of effectiveness. 8, 13, 15, 23 One reason for the range in effectiveness of mHealth interventions is that they differ in the types of BCTs used, ranging from reminders and self-tracking to more complex interventions that involve peers and teambased competitions. Consequently, some reviews have focused on understanding the specific BCTs applied in mHealth interventions and potential links to effectiveness. 14, [24] [25] [26] However, existing taxonomies of BCTs may have been developed with in-person interventions and/or older technology in mind, missing out on some promising techniques that are made easier with advanced technology. 27 For example, gamification and context-aware interventions that dynamically adapt to an individual's psychological state and environment in a given moment are increasingly viable and popular. [28] [29] [30] [31] Although these new techniques are, in some respects, extensions of more traditional behavioral change approaches (e.g. rewards and feedback) that operate through similar mechanisms, they have evolved in response to the granular data that can more easily be collected from mobile technologies.
The literature underscores the diversity in mHealth interventions to improve lifestyle and CCM behaviors, and this diversity will only grow as more sophisticated technologies afford implementation of novel BCTs. The present research aims to extend these findings by summarizing characteristics of interventions targeting a broader range of health behavior and highlighting state-of-the-art technological applications to explore future directions for mHealth. Specifically, this paper aims to: (a) describe the change in technology being used in mHealth research, (b) summarize the BCTs being employed in randomized controlled trial (RCTs) with a focus on understanding the use of BCTs that can take advantage of increasingly sophisticated technology, and (c) compare commonly used BCTs in effective and ineffective trials published in high-impact journals.
Methods
We reviewed research published in the last decade to chart a period of advancement in mobile technologies from the release of the first-generation iPhone to today's market in which smartphone capabilities and popularity have both surged. To this end, we conducted a systematic review of original research aiming to change lifestyle (e.g. weight loss) and CCM behaviors (e.g. controlling glucose) published in prominent medical, medical informatics, and health psychology journals.
Search strategy
Journals. Other reviews have identified over 500 publications 2 assessing the effectiveness of mHealth interventions and over 200 RCTs 5 in particular. Given that we were interested in manually coding the specific BCTs used in different mHealth interventions, it was necessary to narrow the scope of the review to identify a practical Search terms. Search terms were generated after consulting previously published mHealth reviews. 15, 26, 32 The search terms captured keywords reflecting general terms related to mHealth, and search terms specific to hardware and medium of delivery (see Table 2 ).
Selection criteria
Interventions and outcomes. Randomized controlled trials in which randomization occurred at the individual or cluster (e.g. hospital) level were included. Only studies in which mHealth tools and features were the primary intervention under evaluation were included. Studies with telehealth interventions that could have been delivered strictly by landline (e.g. coaching delivered via phone calls) without any wireless components were excluded. Similarly, interventions that were primarily web-based such as those that required participants to log behavior on a website accessed by computer, with little mobile component, were also excluded. Comparators could involve usual care or any type of intervention (another behavior change intervention, etc.). Some interventions included both mobile-and web-based or in-person components. In such cases, studies were included if more of the BCTs were delivered via the mobile components (e.g. texting, app-based tracking). Studies were included if the primary outcome of interest reflected self-reported or objectively measured lifestyle change (physical activity, weight loss) or CCM. Conditions related to mental health (e.g. depression, anxiety, substance use including smoking) were excluded from this review although we acknowledge their importance to physical health outcomes and CCM.
Studies were first screened by title and abstract to identify whether they were RCTs testing the effectiveness of mHealth on behavior change in relation to our outcomes of interest. Many articles at this stage were excluded because the study assessed the validity or usability of a particular mHealth tool. Articles that were deemed relevant based on title and abstract were read and screened further. At this stage, studies were often excluded because they tested the effectiveness of a telehealth intervention rather than an mHealth intervention. 
Data extraction and coding of BCTs
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines for data extraction were followed. 33 A research assistant and the first author independently extracted information about study background (year, authors, etc.), sample (eligibility criteria, number of participants, etc.), intervention(s) and comparator(s), and outcomes (primary and secondary).
BCTs were coded using an established taxonomy of 93 techniques hierarchically organized into 16 higherorder categories and, within those, 93 lower-order categories. 27 The 16 higher-order categories consist of a wide-ranging set of BCTs including social support (lower-order categories include emotional support), natural consequences (e.g. information about health consequences), associations (e.g. prompts/cues), and reward and threat (e.g. material incentive for behavior). Two coders were trained on the taxonomy using available online materials 34 and independently coded each article. A third coder (the first author) reviewed these codes and resolved discrepancies. If an article cited another publication for details about the intervention or comparator protocols, that publication was also reviewed for coding. All BCTs used in mHealth intervention arms were initially coded, including those that were delivered in person. However, we summarized results for intervention arms to only include BCTs that were directly implemented (e.g. reminders sent by text) with or facilitated by (e.g. tailored coaching sessions based on data collected via an app) mobile technologies. This was to highlight the unique features leveraged by mobile technologies in the interventions rather than components that could be delivered in traditional intervention models.
Finally, we supplemented the BCT taxonomy with two additional higher-order categories intended to capture techniques common in mHealth interventions: personalization and gamification. Personalization captured information about the extent to which interventions or messaging was tailored to the participant. We included an additional category for personalization to reflect the trend towards greater tailoring and customization in sophisticated smartphone-based interventions as seen in just-in-time adaptive interventions (JITAIs) and others. 29, 30 Gamification refers to integrating game mechanisms into non-game contexts, such as using leaderboards and point systems that reward certain behavior. 28 Gamification is also becoming an increasingly popular feature of mHealth interventions 35 and we included a unique category for this in our BCT coding to better capture its use.
In some cases, personalization and gamification techniques overlapped with other BCTs included in the original BCT taxonomy (e.g. use of non-material rewards), but we nonetheless found that inclusion of additional gamification categories led to more comprehensive coding and insights given its popularity in mHealth applications. Moreover, several codes in the BCT taxonomy are overlapping (e.g. restructuring social environment and avoiding/reducing exposure to cues for the behavior); therefore, we did not consider that the additions were inconsistent with its application. The full list of personalization and gamification techniques are available in Table 3 .
Plan of analysis
We anticipated that the variability in employed BCTs would not afford a formal quantitative analysis, therefore all planned analyses consisted of descriptive summaries of the included articles. To address Aim 1, we planned to summarize the technology leveraged in intervention arms including SMS, personal digital assistants (PDAs), apps, and wearables. To address Aim 2, we planned to summarize the use of higher-and lowerorder BCTs used in intervention and comparator arms. Table 2 . Search terms used.
Category Terms
General search terms "mHealth," "mobile health," "mobile phone," "mobile tech*"
Hardware search terms "Android," "blackberry," "cell phone," "cellular phone," "cellphone" "iPad," "iPhone," "PDA," "personal digital assistant," "smartphone," "tablet"
SMS search terms "sms," "text messag*"
App search terms "app," "mobile app,*" "smartphone app*"
Given the extensive number of mHealth-related studies published in Journal of Medical Internet Research, we qualified the search within this journal by including terms narrowing our search to randomized controlled trials (RCTs).
DIGITAL HEALTH
When summarizing BCTs in the intervention arms, we focused on those that were deployed using mobile technologies, although all were initially coded. Finally, planned analyses for Aim 3 involved descriptively classifying effectiveness according to reporting of statistically significant improvements in an article's primary outcome(s) in intervention arms over comparator arms. We then planned to summarize the common BCTs leveraged in the intervention arms of studies classified as effective and ineffective for descriptive comparison. Although this approach is not a conclusive summary of evidence, it has been used in other reviews to provide an overview of findings that can characterize the state of research in mHealth 23 and other medical domains.
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Results
Search results and study selection
Search results and study selection are summarized according with the PRISMA flowchart in Figure 1 . After screening for relevance, 21 RCTs were included in the review ranging in publication date from Text message content differs based on whether patient is smoker or non-smoker.
Tailoring to psychological characteristics
Tailors messaging/intervention content to the participant's psychological characteristics/traits.
Text messages differ in content depending on the motivational readiness of the participant.
Adjusting intervention content to performance
Adjusting messaging/intervention content based on current performance
Adjusting step goals based on preceding week's steps achieved.
17.5
General/Not Enough Detail General coding category when personalization details are not specified.
18. Gamification
Earn points
Performing behavior or achieving desired outcomes earns points.
Earn points for every 500 steps/
Earn badges/levels
Reaching specific goals earns participants a badge or 'level' up.
Earning badge for walking up 10 flights of stairs in one day.
Leaderboards
Performance relative to others is displayed. Note: Should also code 6.2, social comparison.
App displays where participants rank in total number of steps for the week.
Competitions
Participants compete against one another to perform the most healthy behavior/earn the most points. Competitions are different from informal social comparison opportunities, and include a defined period for competition, defined competitors, and defined behaviors or outcomes assessed for the competition Note: Should also code 6.2, social comparison.
Teams of employees compete with each other to log the most steps in a month.
2008-2017. Reflecting the surging interest in mHealth, 14 of 21 studies (67%) were published in the latest 5 years included in our review, 2013-2017.
Outcome and sample characteristics
Primary outcomes of each study were summarized to understand which lifestyle and CCM behaviors and outcomes were most frequently studied in mHealth research (see Table 4 for summaries of articles). The most common behavior targeted was physical activity (k ¼ 5) whereas the most common health outcome targeted was weight change (k ¼ 5), both of which are important in preventing and managing a wide range of health conditions. In addition to exploring what behaviors and outcomes were targeted in mHealth research, we were interested in understanding who is often targeted for lifestyle and CCM behavior change. Therefore, we summarized the targeted populations in the RCTs based on health-related eligibility criteria. The most frequently targeted population was patients diagnosed with chronic conditions (40.1% of articles) but overweight and obese persons (22.7% of articles) were also targeted in a substantial number of studies. Although a majority of studies recruited patients with a medical condition, nearly one-third of studies (32.2%) recruited participants with no medical condition to target lifestyle behaviors.
Intervention and comparator characteristics
Mobile technologies. With the release of the firstgeneration iPhone in 2007, we sought to understand how the technologies used in mHealth interventions have evolved in the last decade. Overall, the use of SMS (k ¼ 9, 42.9%) and apps/wearables (k ¼ 10, 47.6%) were nearly evenly split with the remaining studies using PDAs (k ¼ 2, 9.5%) as the form of 6 DIGITAL HEALTH technology for the intervention. As expected, the adoption of apps in mHealth interventions grew in the later years of publication. Of the six articles published in the years 2007-2012, only one study tested the effectiveness of an app or wearable, four studied effects of SMS interventions, and one employed PDAs. In contrast, nine of 15 articles published in the years 2013-2017 studied the effectiveness of apps or wearables for improved health behavior and outcomes. Still, seven studies also examined the effects of SMS-based interventions, suggesting that simpler health interventions delivered by text remain popular.
Lower-order BCT summary. Of greatest interest to our review, there were considerable differences in the use of BCTs across comparator (n ¼ 20) and intervention arms (n ¼ 32). It should be noted that seven comparator arms were described as "usual care" for which there was insufficient information to reliably code the use of BCTs. Considering the 93 lower-order categories, intervention arms employed (M ¼ 5.16, SD ¼ 2.62) more BCTs than did comparator arms (M ¼ 2.15, SD ¼ 2.08), t(50) ¼ 4.34, p < .001. The most frequently used BCTs in the intervention arms included selfmonitoring behavior (50.0% of arms), feedback on behavior (46.9% of arms), and adjusting intervention content to performance (40.6%). In comparator arms, self-monitoring of behavior (20.0%) and feedback on outcomes of behavior (20.0% of arms) were the most common BCTs applied.
Higher-order BCT summary. To enhance comprehension and meaningfulness of comparisons between comparator and intervention arms, we also summarized implementation of BCTs at the higher-order level, providing information about the 18 overarching categories (see Figure 2 ). These comparisons revealed how popular BCTs are often implemented in both mHealth and comparator arms but also highlighted differences that reflected the unique strengths of mobile-based interventions. For example, feedback and monitoring (35.0% of comparators, 71.9% of interventions) and goals and planning (25.0% of comparators, 46.9% of interventions) ranked among the most frequently used in both types of arms, although they were still much more common in the intervention arms. In contrast, personalization was much more frequently leveraged in interventions (78.1%) than comparators (5.0%) as was the use of associations (59.4% vs. 5.0% of arms) such as reminders. These differences in prevalence reflect the flexibility in mobile technologies to easily adapt content and automate delivery of interventions, offering advantages over print and in-person interventions. Where goal- setting and self-monitoring can be implemented in a wide range of settings, personalization and associations such as reminders are more easily facilitated by advances in mobile technology. Somewhat unexpectedly, gamification was only used in 6.3% of intervention arms despite enthusiasm for its potential in mHealth. 31 This might reflect broader trends in delayed adoption of many of the more sophisticated features of mobile technology. In line with this, personalization was typically simplistic in its execution including tailoring to demographic information, 38 health status (e.g. smoker or non-smoker), 39 and time of notifications. 40 Nonetheless, developments in JITAIs are increasingly allowing for greater complexity in tailoring mobilebased interventions.
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Effectiveness
We based this summary on findings from 18 studies in which mHealth interventions were compared against interventions or usual care that did not use mobile technologies, excluding three studies in the review that compared effectiveness of different mHealth interventions against each other.
35,43,44
The summary of these 18 studies suggests that evidence of mHealth effectiveness remains inconclusive: eight studies (44.4%) reported non-significant differences improvements in intervention arms compared to comparator arms, six (33.3%) reported significant improvements, three reported a significant difference for at least one, but not all, primary outcomes (16.7%), and one study found that outcomes in the intervention arm were worse than those in the comparator arm (5.6%).
For further insight into why some interventions yield significant improvements over comparators but not others, we examined the top five BCTs used in the intervention arms of effective (six studies, eight arms) studies and those of studies finding that mHealth interventions were ineffective or detrimental (nine studies, 10 arms). As illustrated in Table 5 , a wide range of BCTs were implemented in effective studies with only the use of prompts or cues appearing in most arms. In addition, BCTs frequently used in ineffective studies are generally well supported in health behavior change literature, [45] [46] [47] suggesting a need for better understanding of best practices to implement such techniques with mobile technology. Although SMS-based mobile interventions remained prominent, our findings suggest mHealth is progressively moving toward implementation of apps and wearable interventions. Our review also found that mHealth is being applied to address a diversity of lifestyle behaviors and health outcomes, reflecting its adaptability to different content and health domains. Our review sheds light on the BCTs commonly being used in mHealth interventions, finding frequent use of personalization, feedback and monitoring, prompts and cues, and goals and planning. Similar BCTs were also found to be common in reviews of mHealth interventions targeting physical activity and sedentary behavior, 26 commercially available apps for physical activity, 48 and apps for medication adherence. 49 There was a moderate amount of overlap in the BCTs used in mHealth interventions and comparators consisting of in-person or paper-based interventions. Nonetheless, frequent usage of personalization in intervention arms highlighted some of the unique strengths of mobile technologies. Moreover, the prominence of personalization underscores the benefit to its inclusion in existing taxonomies of BCTs, particularly as personalized adaptation is increasingly feasible with evolving technology and analytics. More generally, our findings suggest that current taxonomies may benefit from broadening their consideration of BCTs from traditional approaches in the psychological and public health literature to include approaches that have emerged from industry and technology-focused fields. Although it remains to be seen if such techniques yield additional benefit beyond those already well established in the behavior change literature, incorporation into existing frameworks would better enable such comparisons.
Consistent with other reviews that found mixed effectiveness of mHealth, 13, 15, 23 results also suggested there remains a need to optimize use of many common BCTs for better outcomes. To this end, there are opportunities to leverage more sophisticated wireless technologies including optimizing self-monitoring with automated sensors, finding more effective means of providing online social support, and designing more meaningful feedback mechanisms based on realtime data.
Limitations
There are several limitations of this review worth noting. The review focused on RCTs published in top journals to provide a snapshot in the evolution of the technology and behavioral change techniques being applied in mHealth. As a result, this review is not a comprehensive assessment of mHealth for lifestyle management or CCM. Despite this limitation, our review contributes to the literature by exploring the potential utility of incorporating new BCTs that can more fully leverage the strengths of mobile technologies into an existing taxonomy. It also extends reviews that focused on a narrower set of outcomes, 26 focused on commercial apps, 48, 49 or reviewed the broader mHealth literature without examining differences in BCTs or other intervention characteristics in detail. 12, 23 In addition, our review focused on comparing the BCTs in intervention arms that were delivered by mobile technologies to the BCTs in comparator arms. This was to highlight the uniquely mobile aspects of mHealth interventions but, as a result, our review may miss the importance of pairing mHealth with in-person or paper-and-pencil interventions for effectiveness. Future reviews may examine this possibility for additional insights.
There are also some limitations of the BCT taxonomy approach used to summarize intervention characteristics. This taxonomy allows for coding of different BCTs but does not assess the intensity or dosage of interventions. Consequently, an intervention that sends participants a reminder about their step goal once a month is equivalent to an intervention that sends participants a reminder once a week. Similarly, 44 or use different framing (e.g. approach vs. avoidance) are not described well by this taxonomy. Still, the taxonomy provides an excellent starting point to systematically describe mHealth interventions, which are frequently discussed in similar terms despite their substantial diversity. In future, systematic reviews adopting this taxonomy to summarize health behavior change interventions may try to incorporate some of this missing contextual information by introducing methods of classifying dosage, framing, and other characteristics.
Implications and future opportunities
This review highlights the need to provide details about the specific BCTs being leveraged in interventions and comparator arms to facilitate systematic comparisons across wide-ranging mHealth studies. In addition, findings also underscore the need to systematically vary applications of different BCTs across interventions for further insights into best practices. Current mHealth interventions typically bundle a multitude of BCTs together, making it difficult to discern what features drive success or failure. Finally, persistently mixed evidence of effectiveness suggests a need to better understand the heterogeneity of treatment effects in mobile interventions. Studies finding that individuals with different personality characteristics differentially benefit from mHealth treatments 50, 51 point to a need to move beyond "one-size-fits-all" interventions. Although the promise of mHealth has not yet been fully realized, future research may provide insight into how to target the right people with the right type of intervention in a clinical setting for better outcomes.
